This paper proposes a Markov regime switching framework for modeling carbon emission (CO 2 ) allowances that combines a regime switching behavior and disequilibrium adjustments in the mean process, along with a state-dependent dynamic volatility process. We find that all regime switching based hedging strategies significantly outperform single regime hedging strategies (both in-sample and out-of-sample), with the newly proposed framework providing the greatest variance reduction and the best hedging performance. Our results indicate that risk managers using state-dependent hedge ratios to manage portfolio risks in carbon emission markets will achieve superior hedging returns.
Introduction
Launched in 2005, the European Union emission trading scheme (EU ETS) is a "capand-trade" system 1 aiming at reducing emissions of carbon dioxide and other greenhouse gases (GHG) efficiently and economically. Since inception, the European carbon emission markets under the EU ETS have experienced rapid ongoing development and have attracted considerable attention from policy makers and investors. The total value of European Union allowance (EUA) transactions traded under the EU ETS rose to €106 billion in 2011, with growth rate considerably faster than in other financial markets during the 2008-09 global financial crisis (World Bank, 2012) .
Given the novel features and rapid growth of the carbon emission market, a large number of studies in the literature focus on the pricing of carbon emission allowances and their derivatives (Benz and Trück, 2009; Daskalakis, Psychoyios and Markellos, 2009; Li, Chen and Lin, 2015;  among others) and modeling the relationship between carbon spot and futures prices ( Uhrig-Homburg and Wagner, 2009; Chevallier, 2010; Joyeux and Milunovich, 2010; Rittler, 2012; Philip and Shi, 2015 ; among others). 2 However, little attention has been drawn to risk management, especially optimal hedging in the carbon emission markets. One exception is the recent attempt by Fan, Roca and Akimov (2014) , who study hedging performance in the European carbon markets and suggest that the use of static hedge ratios from the simple ordinary least squares provide the greatest variance reduction in most cases.
This can be explained in light of Lien (2008) , who identifies certain theoretical conditions for dominance of the ordinary least squares hedging strategy over dynamic hedging approaches. However, the inferior performance of dynamic hedge ratios in Fan, Roca and 1 Under this system, central authorities set up a standard or "cap" on the total amount of greenhouse gases that a country or region is allowed to emit within a year. The authorities then allocate the allowance of emission units, which is the right to emit a certain amount of greenhouse gases. Operating firms' GHG emissions should not exceed the allocated allowance represented by their in-hand allowances; otherwise they must deliver the missing carbon allowances in the next year and also pay a heavy penalty. GHG emissions that are not covered by the surrendered carbon allowances incur a fine of €40 per CO 2 ton in Phase I and €100 per CO 2 ton in Phase II. In addition, the uncovered carbon allowances should also be surrendered in the next compliance year. As a consequence, the total amount of emissions are controlled and kept under a target level. If an operating firm emits more than its allocated allowance, it can buy emission allowances from other operating firms that possess unused emission allowances. According to the Coase theorem (Coase, 1937 (Coase, , 1960 , under the assumption of zero transaction cost, and if the authorities allocate and protect the rights of allowance holders very effectively, the "cap-and-trade" system can completely solve the externalities problem of market failure. For analysis of the impact of the European Union emission trading scheme on low-carbon technological change, see Calel and Dechezleprêtre (2016) . Akimov (2014) may be attributed to the incorrectly specified underlying data generating process. More specifically, recent studies such as Benz and Trück (2009) model the price dynamics of CO 2 emission allowances in the first phase of EU ETS using various time series specifications and find that the Markov regime switching framework outperforms other (AR and GARCH) specifications, both in terms of in-sample fit as well as out-of-sample forecasting. In addition, Chevallier (2011a Chevallier ( , 2011b documents significant gains in using Markov regime switching vector autoregressive models (over single regime vector autoregressive models) to explain the relationship between carbon allowance prices and macroeconomic variables. 3 This paper is the first to investigate the hedging performance of state-dependent hedge ratios in carbon emission markets. Additionally, it contributes to the literature by proposing a new framework to model the relationship between carbon spot and futures markets that incorporates the concepts of regime switching, disequilibrium adjustment and volatility clustering. This method considers Markov regime switching (MRS) behavior and the longrun relationship of spot and futures prices (LR) in the mean, and a state-dependent dynamics volatility process, which is modeled by Engle's (2002) dynamic conditional correlation (DCC) process. We refer to this model as MRS-LR-DCC. Our approach differs from Lee and Yoder's (2007b) MRS-TVC-GARCH model, whereby we allow the disequilibrium adjustment coefficients to be state-dependent. 4 Our framework is motivated by the fact that since spot and futures prices are cointegrated, incorporating adjustments to their long-run relationship into the regime switching framework will capture changes in the speed of equilibrium adjustments across different regimes. Additionally, the regime switching specifications are able to accurately capture the various economic characteristics underlying the price dynamics of carbon emission allowances. For example, the demand and supply of carbon allowances, which determine the carbon allowance prices, fluctuate according to the regulatory changes, production levels, and seasonal patterns, among other factors. Such fluctuations can be modeled by allowing a systematic switching between high variance (unstable) and low 3 See also Li, Chen and Lin (2015) , who suggest a Markov regime switching jump diffusion model to price carbon spot and derivatives. 4 Another difference between our model and the MRS-TVC-GARCH model is that we use Engle's (2002) DCC approach to model the condition correlations, while Lee and Yoder (2007b) employ Tse and Tsui's (2002) approach. The difference between the two methods is in the way we standardize the residuals in the conditional correlations equation. variance (stable) states. Here, the unquantifiable and unobservable regulatory and sociological factors affecting carbon allowance prices are captured by the unobservable state variables that govern the various regimes. Further, carbon allowance prices are shown to exhibit price jumps, spikes and high volatility (Benz and Trück, 2009; Daskalakis, Psychoyios and Markellos, 2009) . Regime switching specifications can model such data generating properties by allowing for several successive price jumps and extreme returns in the data generating process, which is important for risk management.
We evaluate the hedging effectiveness of the MRS-LR-DCC framework for the EU ETS CO 2 emissions market against the optimal hedge ratios generated from a variety of model specifications. We compare the in-sample as well as out-of-sample performances of these strategies, by employing both symmetric and asymmetric risk measures evaluating variance reduction, increase in utility, and reduction on Value at Risk (VaR). The significance of these tests is assessed using White's (2000) Reality Check (RC) test. Moreover, we separately examine the hedging effectiveness of the various strategies for short and long hedgers in carbon markets. The main findings of this paper are summarized as follows. We observe that all the class of Markov regime switching approaches considered substantially outperform alternative strategies for all the performance measures employed, including portfolio variance reduction, utility maximization and VaR exposure minimization, and for both in-sample and out-of-sample analyses. Particularly, within the class of regime switching models, the MRS-LR-DCC model achieves the greatest, and significant, variance improvement compared to competing strategies, indicated by the results of the RC test. In addition, we find that the MRS-LR model constantly outperforms the MRS model in both insample and out-of-sample analyses, which supports the argument that the hedging performance can be improved by incorporating the long-run relationship between spot and futures prices. Furthermore, the overall results for the hedging effectiveness of different hedge positions using asymmetric risk measures are mostly in line with those using symmetric metrics; i.e., the class of Markov regime switching approaches outperforms alternative strategies. This implies that no matter what position market participants hold, there is benefit from using state-dependent hedge ratios.
The remainder of the paper is organized as follows. Section 2 presents the MRS-LR-DCC model specification and demonstrates the minimum-variance hedge ratio methodology.
Section 3 outlines the data and presents the preliminary descriptive analysis. Section 4 discusses the estimation results from the various hedging models, including the MRS-LR-DCC model. The model hedging effectiveness is evaluated in Section 5, while Section 6 further analyzes the hedging performance by considering the asymmetric risk measure of semi-variance and studies the asymmetric profiles of investors by separately considering the different hedging positions (long hedges and short hedges). Finally, Section 7 summarizes the findings and concludes.
The Markov regime switching model
In this section, we introduce a Markov regime switching model (denoted as the MRS-LR-DCC model), where both conditional mean and conditional variance processes are dependent on the volatility of the regime. We consider a two-regime framework defined by high and low variance states. Further, in this model the long-run relationship between spot and futures carbon prices is incorporated in the return process and the coefficient of the longrun relationship is allowed to be state-dependent. Lien and Yang (2008) argue that the lagged basis can help to determine the movement of spot and futures prices and facilitate the mean-reverting process, and therefore can serve as the proxy for the long-run relationship. Kroner and Sultan (1993) and Lai and Sheu (2010) , among others, also use the lagged basis as the proxy for the long-run relationship. Therefore, we use the lagged basis to measure the 
where P ij provides the probability that state i will be followed by state j. The transition probabilities above are presumed to be constant between consecutive periods, and are assumed to follow a logistic distribution: 
where ϕ 1 and ϕ 2 are unconstrained constant terms that are estimated along with other unknown parameters through maximum likelihood estimation.
The conditional variances of spot and futures returns are modeled as GARCH (1,1) processes of Bollerslev (1986) . 5 The time-varying, state-dependent and positive definite conditional covariance matrix, H m , t , is specified as 2 ,, , 
where θ 1,m and θ 2,m are the DCC parameters, ρ is the initial value of the conditional correlation, and η t is a matrix for the standardized residuals. At this stage, all the parameters in the system are state-dependent.
However, since both conditional variances and conditional correlations are based on all the past information recursively, the basic form of GARCH models with state-dependent coefficients is intractable (see, for example, Hamilton and Susmel, 1994; Cai, 1994) . Gray (1996) solves the path-dependency problem in the univariate GARCH framework by formulating the conditional variance process as the conditional expectation of the variance.
Following Gray (1996) , Lee and Yoder (2007a) extend the collapsing method for conditional residuals, conditional variances and conditional covariance in the bivariate framework. We follow Lee and Yoder's (2007a) method to recombine the conditional variance and residuals of the spot and futures returns. The technical details are provided in Appendix A.
Using the MRS-LR-DCC framework outlined above, we estimate the optimal hedge ratios (g t ) as
We compare the hedging performance of the MRS-LR-DCC model against alternative regime switching specifications including the MRS model given by
and the MRS model with the long-run relationship specification (MRS-LR) given by
where the transition probabilities of these models follow a logistic distribution described in Equation (5). The minimum variance hedge ratios for the various states of the market are derived from the coefficients γ 1,1 and γ 1,2 . More specifically, the optimal hedge ratio at a given time t is determined as the weighted average of the minimum variance hedge ratios in each state, according to the probability of being in each state, which is shown as
Data and preliminary diagnostics
The dataset comprises daily closing (settlement) spot and futures prices of EUAs from the recent EU ETS Phase II period, spanning from March 03, 2008 to November 30, 2012.
We do not include the data from the EU ETS Phase I period since the return dynamics of the EUAs are substantially different from the other phases due to regulatory and trading mechanism changes. Additionally, due to inter-phase banking restrictions, the spot prices were close to zero at the end of Phase I, i.e. the second half of 2007 (Chevellier, 2011a).
Hence, we exclude the return dynamics during the Phase I period for implementing hedging models.
The spot prices of the carbon allowances are obtained from BlueNext Exchange and the carbon futures prices are from the Intercontinental Exchange (ICE). In order to construct a continuous series of carbon futures prices, similar to previous work, it is assumed that hedgers switch over futures contracts from the contact nearest to maturity to that second nearest to maturity on the first business day after the expiry date of the contract nearest to maturity, for all available traded months. 6
[Insert Table 1 that the basis of carbon emission allowances is below zero in most cases, indicating that the carbon markets is normally in backwardation. Moreover, the basis generally lies in the range between -3% and 1%, which is less volatile than that in the WTI crude oil markets shown in Alizadeh, Nomikos and Pouliasis (2008) .
Estimation Results
This section presents the in-sample results of the Markov regime switching model frameworks introduced in Section 2. 8 To remain parsimonious, we allow all the regime switching models to have two possible states/regimes: a high variance state and a low variance state. and μ f,m , govern the adjustment speed of spot and futures prices to their long-run equilibrium.
In the low variance state, the speed of adjustment is negative and significant for the spot 9 Hamilton (1989) shows that the average expected duration in the first state is calculated as prices significantly react to converge to the long-run equilibrium relationship. More specifically, if there is a positive deviation from the equilibrium at time t-1 (i.e. S t-1 > F t-1 ), the spot price at time t will decrease as a response to the deviation, while the response of the futures price at time t will be insignificant. As a consequence, the long-run relationship between spot and futures price is restored. In the high variance state, the speed of adjustment is still negative and significant for the spot equation, and insignificant for the futures equation.
However, the magnitude of the adjustment speed increases dramatically compared to the low variance state. This suggests that when there is a large deviation from the equilibrium (i.e. in the high variance state), the response of the spot price in the next period will be more significant in order to re-establish the long-run relationship. When we compare these results to those of the single-regime DCC-GARCH model, we observe that the coefficients of the lagged basis for both spot and futures equations are negative and significant, and thereby qualitatively different from both low and high state results of the MRS-LR-DCC model.
Overall, the results imply that the mean equation dynamics underlying the carbon spot and futures prices are different across the high and low states of the markets. More specifically, there are regime shifts in the mean-reverting process and the responses to shocks deviating from the long-run equilibrium depend on the volatility of the states.
Next, we focus on Table 3 results for the conditional variance and conditional correlation equations. We observe that the variance equations' intercept term as well as the ARCH and GARCH parameters in the low variance state are distinct from those in the high variance state. This suggests that the conditional variance process in the carbon emission markets is also state-dependent, evidence that has not been documented in the literature. When we consider the volatility persistence in the spot and futures markets, we find higher volatility persistence in the high variance states as compared to that in the low variance states.
Comparing these results to the single-regime DCC-GARCH model, we find that the degree of volatility persistence captured by the single regime volatility model is lower than the degree of volatility persistence observed in both the high and low variance states of the MRS-LR-DCC model. For the regime transition probabilities of the MRS-LR-DCC model, we see that the transitional probability from the low variance state to the high variance state (P 12 =0.0781)
is significantly smaller than that of the inverse (P 21 =0.3888), showing that the low variance state has a longer average expected duration (AED=1/0.0781≈13 days) than the high variance state (AED=1/0.3888≈3 days) and is more steady. As compared to the regime transition probabilities of the MRS-LR model reported in Table 2 , we observe that the average expected duration in any particular regime has decreased. Finally, the residual diagnostic tests of the DCC-GARCH and MRS-LR-DCC models are shown at the bottom of Table 3 . The results of LB (12) and LB 2 (12) tests indicate that the residuals from the two models dramatically improve over the previous model specifications (MRS and MRS-LR) reported in Table 2 .
[Insert Figure 2 here]
The estimated smooth regime probabilities of the MRS-LR-DCC model are reported in Figure 2 . We obtain the smooth regime probabilities as the estimated conditional probabilities of being in a particular state at time t, given the entire sample of observations up to the end of the sample period. For the details of estimated regime probabilities, see Hamilton (1994) . We observe that the high variance state is generally short-lived, while the low variance state prevails for longer periods. The high variance state is much more evident during the initial parts of the sample, which corresponds to the regulatory changes due to the introduction of the EU ETS Phase II Scheme.
Optimal hedge ratios and hedging performance
From the estimated MRS-LR-DCC model, we obtain the time-varying conditional variances and the conditional correlations. The optimal hedge ratios are then calculated by using Equation (10). For comparison, we calculate the optimal hedge ratios from the naïve model (i.e. a naïve hedge ratio equal to unity), the constant OLS model, and the vector error correction model (VECM) of Engle and Granger (1987) , as well as time-varying hedge ratios generated from the DCC-GARCH, MRS and MRS-LR models. In Figure 3 Table 4 here]
To evaluate the hedging performance of these competing strategies, the hedged portfolios are constructed every trading day and the returns (r t ) are given by
where g t denotes the optimal hedge ratios from each model. A smaller variance of the hedged the other models of around 14.7% to 22.9%. We observe that the percentage variance improvements of Markov regime switching hedging models for carbon emission markets are significantly greater than the improvements recorded for other markets, such as in the case of corn and nickel markets (Lee and Yoder, 2007a) , oil markets (Alizadeh, Nomikos and Pouliasis, 2008) , and tanker shipping markets (Alizadeh, Huang and Van Dellen, 2015) , as well as various stock market indices (Lee and Yoder, 2007b; Salvador and Arago, 2014) .
Overall, our results suggest that regime switching models accurately capture the time series dynamics in carbon emission markets and are particularly useful for the purpose of hedging.
Nevertheless, the superior performance of the MRS-LR-DCC hedge may be due to the data snooping bias induced by using posterior information (see Sullivan, Timmermann and White, 1999; White, 2000 
The RC test statistic is given by
and n is the number of forecasting periods. In order to compute the pvalues of the test statistic, we adopt Politis and Romano's (1994) stationary bootstrap methodology, which retains the distributional characteristics of the original data. The method consists of resampling the original data with different block lengths, assuming the block length is following a geometric distribution with a given mean (see Politis and Romano (1994) for the details of stationary bootstrap Kroner and Sultan (1993) and other studies employ the hedger's utility as a measure of hedging performance, which considers the economic benefits of hedging. The utility function of a hedger is given
where r t is the hedged portfolio return at time t and λ is the degree of risk aversion. Following Lee (2010) , it is assumed that the expected hedged portfolio return is zero and the degree of risk aversion is 4. 11 From Table 4 , we observe that the average daily utility gain from using a MRS-LR-DCC-based hedging strategy is -2.0644 and is the highest realized gain among all the other hedging strategies considered. If we compare the MRS-LR-DCC hedge against the OLS hedge, we see an improvement in the daily average utility for about 0.4788 units, before considering transaction costs. Mizrach and Otsubo (2013) estimate the average transaction cost to be around 0.14% for the EUA contracts in 2009. However, the costs of rebalancing will be even lower, as only a fraction of the portfolio is rebalanced. Hence, using the MRS-LR-DCC hedge can provide an increase of utility for the hedgers in the market, even after considering the relevant transaction costs.
Another measure to assess the hedging effectiveness is the Value at Risk (VaR) used by Cotter and Hanley (2006) . A better hedging strategy can provide a reduction in the VaR exposure. Assuming the hedged portfolio return is following a normal distribution, the VaR of the hedged portfolio at confidence level α is shown as
where V 0 denotes the initial wealth of the portfolio and z α represents the α percent quantile of the normal distribution. Assuming a €1 million initial wealth and 95% confidence level, the daily average VaR exposure for the MRS-LR-DCC hedge can be calculated to be -€11,817.5, which is a decrease of €1,299.5, as compared to the daily average VaR exposure of -€13,117.0 for the OLS hedge. Overall, the in-sample results strongly support the use of the Markov regime switching models for hedging carbon emission allowances, as they provide economic benefits, such as an increase in average utility and a decrease in the average VaR exposure, after accounting for the costs of portfolio rebalancing. Table 4 reports the out-of-sample hedge performance 11 All the mean returns of the hedged portfolios using different hedging strategies in this study are less than 0.00%; thus it is reasonable to assume the expected return is zero. results for all the hedging strategies considered previously. For the out-of-sample analysis, all the models are estimated recursively and we generate one-step-ahead hedging strategies based on the optimal forecasts of the hedge ratios. We observe that the out-of-sample results provide a consistent picture, similar to the in-sample analysis. That is, the hedging strategies based on the MRS-LR-DCC model provide the greatest variance reduction, followed by the hedging strategies based on the MRS-LR and the MRS models. We find that all the single- To summarize, the above results show that the class of Markov regime switching models considerably outperform competing models in terms of portfolio variance reduction, utility maximization and reducing VaR exposure, both in-sample and out-of-sample. In particular, the MRS-LR-DCC hedges achieve the greatest variance reduction, and the RC test results demonstrate that there are significant variance improvements in using the MRS-LR-DCC hedges over competing hedging strategies. The above findings illustrate the importance of using Markov regime switching models in hedging carbon emission allowances.
Hedging performance under conditions of asymmetry
In this section, we investigate the hedging effectiveness of Markov regime switching models in capturing the asymmetries in the return distribution of carbon markets. While traditional performance measures such as variance reduction allocate equal weight to profits and losses, risk managers are generally more concerned about the downside risk (see for example, Adams and Montesi, 1995) . Hence, we use the asymmetric risk metric of semivariance to study the hedging effectiveness in carbon emission markets. Moreover, we study the asymmetric profiles of investors by separately considering the different hedging positions (long hedges and short hedges). This is motivated by the significant differences in hedging performance among short and long hedgers observed by Demirer and Lien (2003) and Cotter and Hanley (2006) .
The nature and statistical properties of Markov regime switching models would mean that such models can potentially better capture the non-normalities and the time-varying nature of the higher moments governing the return distribution. Following Cotter and Hanley (2006) , we define the negative and positive semi-variance metric as
where R is the target return, which is set as zero in order to distinguish between positive and negative hedged portfolio returns, r. A short hedger is mainly concerned about the negative returns on the hedged portfolio and hence favors a hedging strategy with the lowest negative semi-variance. In contrast, a long hedger is concerned about the positive portfolio returns and seeks a hedge with the minimum positive semi-variance. Thus, the short and long hedgers optimize the associated risk measures over the opposite portions of the hedged portfolio return distribution.
[Insert Table 5 here] 
Conclusion
This paper examines the hedging effectiveness of state-dependent hedge ratios in the European carbon emission markets. This is motivated by Benz and Trück (2009) and Li, Chen and Lin (2015) , who find that the carbon asset prices can be better characterized by regime switching models. This implies that the hedge ratios generated from regime switching models could have superior hedging performance than single regime hedging models. For this reason, this paper proposes a Markov regime switching model (denoted as MRS-LR-DCC) to hedge the market risk in carbon emission markets. In particular, we propose a tworegime model, incorporating the long-run relation between spot and futures prices (measured by lagged basis) in the mean process, with a state-dependent dynamic volatility process.
Using the EU ETS Phase II spot and futures daily prices, we find that all the class of Markov regime switching models considered outperform (both in-sample and out- of-sample) competing hedging strategies in terms of all the hedging performance measures considered, i.e. portfolio variance reduction, utility maximization and VaR exposure minimization. The variance reduction of MRS-LR-DCC for carbon emission markets is significantly greater than the improvements recorded for other markets (see Lee and Yoder, 2007a, b; Alizadeh, Nomikos and Pouliasis, 2008; Salvador and Arago, 2014; Alizadeh, Huang and Van Dellen, 2015) . The results of White's (2000) RC test demonstrate that the variance improvements of the MRS-LR-DCC model over competing approaches are statistically significant, both insample and out-of-sample. Further, we also find that the MRS-LR model consistently outperforms the MRS model in both in-sample and out-of-sample analysis, which suggests that the lagged basis term, capturing the long-run relationship, provides additional information for hedging in carbon markets.
In addition to using symmetric hedging performance indicators, we investigate the hedging effectiveness of Markov regime switching models in capturing the asymmetries in the return distribution of carbon markets. Using asymmetric risk measures and distinguishing the hedge performance of short and long hedgers, we find a consistent picture in the insample analysis, where we find that the MRS-LR-DCC hedge tops all the other hedging strategies considered. In particular, we observe that the semi-variance reduction by using the MRS-LR-DCC hedge for short hedge positions is considerably greater than for long hedge positions. In fact, the Markov regime switching family of models underperform other competing strategies out-of-sample for the long hedge positions. These results suggest that the Markov regime switching models capture the asymmetries of negative returns better than positive returns. Overall, market participants can benefit from using regime switching hedging strategies, no matter what position they hold.
To summarize, the above findings demonstrate the importance of using Markov regime switching models in hedging carbon emission allowances. Financial risk managers who adopt state-dependent hedge ratios will achieve greater variance reduction and better hedging performance. Further research into allowance hedging dynamics could examine the information content that drives the regime switching behavior observed in the carbon market.
For instance, the price regimes may be driven by factors such as future macroeconomic uncertainty, future fuel demand variations, among others. Identifying such economic factors will enable us to better interpret the results from these models. (11) and (12), respectively. In each state m =1, 2, γ 0,m are the intercept terms, γ 1,m represent the slope coefficients for futures returns and γ 2,m are the slope coefficients associated to lagged basis terms. The logistic function for transition probabilities is specified in Equations (4) and (5). P 12 gives the probability that state 1 will be followed by state 2 and P 21 is the probability that state 2 will be followed by state 1. ϕ 1 and ϕ 2 are the unconstrained constant terms in the logistic function, which are estimated along with other unknown parameters using maximum likelihood. Log-L stands for log likelihood. SIC is the Schwartz (1978) Information Criterion. The standard deviation (S.D.), Skewness and Kurtosis are descriptive statistics for the residuals. J-B stands for the Jarque and Bera (1980) test for Normality of residuals. LB(12) and LB 2 (12) are Ljung and Box's (1978) Q tests for 12th order autocorrelation in the level and squared residuals, respectively. DCC-GARCH (single-regime) and MRS-LR-DCC (two-regime) models are specified in Equations (1)-(9). In each state m = 1, 2, µ i,m are the coefficients for the lagged basis in the conditional mean equations. γ i,m , α i,m , and β i,m are the intercept terms, ARCH coefficients, and GARCH coefficients in conditional variances, respectively. θ i,m are the parameters in the conditional correlation equations. P 12 gives the probability that state 1 will be followed by state 2 and P 21 provides the probability that state 2 will be followed by state 1. ϕ 1 and ϕ 2 are the unconstrained constant terms in the logistic function, which are estimated along with other unknown parameters using maximum likelihood. Log-L stands for log likelihood. SIC is the Schwartz (1978) Information Criterion. J-B stands for the Jarque and Bera (1980) test for Normality. LB (12) and LB 2 (12) are Ljung and Box's (1978) Q tests for 12th order autocorrelation in the level and squared residuals, respectively. where π 1,t is the probability of being in state 1 at time t and 1-π 1,t the probability of being in state 2 at time t; r s,m,t is the state-dependent conditional mean equation of the spot returns. Lee and Yoder (2007b) further recombine the conditional correlation as 12 
